Hierarchical Alignment and Full Resolution Pattern Recognition of 2D NMR Spectra: Application to Nematode Chemical Ecology by Robinette, Steven L. et al.
Published: February 11, 2011
r2011 American Chemical Society 1649 dx.doi.org/10.1021/ac102724x |Anal. Chem. 2011, 83, 1649–1657
ARTICLE
pubs.acs.org/ac
Hierarchical Alignment and Full Resolution Pattern Recognition of 2D
NMR Spectra: Application to Nematode Chemical Ecology
StevenL.Robinette,
†,^RamadanAjredini,
†HasanRasheed,
†AbdulrahmanZeinomar,
†FrankC.Schroeder,
§
Aaron T. Dossey,
†,z and Arthur S. Edison*
,†,‡
†Department of Biochemistry and Molecular Biology and
‡National High Magnetic Field Laboratory, University of Florida, Gainesville,
Florida 32610-0245, United States
§Boyce Thompson Institute, Cornell University, Ithaca, New York 14853, United States
b S Supporting Information
ABSTRACT: Nuclear magnetic resonance (NMR) is the most
widely used nondestructive technique in analytical chemistry. In
recent years, it has been applied to metabolic proﬁling due to its
high reproducibility, capacity for relative and absolute quantiﬁ-
cation, atomic resolution, and ability to detect a broad range of
compounds in an untargeted manner. While one-dimensional
(1D)
1H NMR experiments are popular in metabolic proﬁling
due to their simplicity and fast acquisition times, two-dimen-
sional (2D) NMR spectra oﬀer increased spectral resolution as
well as atomic correlations, which aid in the assignment of
known small molecules and the structural elucidation of novel
compounds. Given the small number of statistical analysis methods for 2D NMR spectra, we developed a new approach for the
analysis, information recovery, and display of 2D NMR spectral data. We present a native 2D peak alignment algorithm we term
HATS, for hierarchical alignment of two-dimensional spectra, enabling pattern recognition (PR) using full-resolution spectra.
Principle component analysis (PCA) and partial least squares (PLS) regression of full resolution total correlation spectroscopy
(TOCSY) spectra greatly aid the assignment and interpretation of statistical pattern recognition results by producing back-scaled
loading plots that look like traditional TOCSY spectra but incorporate qualitative and quantitative biological information of the
resonances. The HATS-PR methodology is demonstrated here using multiple 2D TOCSY spectra of the exudates from two
nematode species: Pristionchus paciﬁcus and Panagrellus redivivus. We show the utility of this integrated approach with the rapid,
semiautomatedassignmentofsmallmoleculesdiﬀerentiatingthetwospeciesandtheidentiﬁcationofspectralregionssuggestingthe
presence of species-speciﬁc compounds. These results demonstrate that the combination of 2D NMR spectra with full-resolution
statistical analysis provides a platform for chemical and biological studies in cellular biochemistry, metabolomics, and chemical
ecology.
N
uclearmagneticresonance(NMR)isapowerfulandalmost
universal detector due to its ability to analyze essentially all
types of molecules at atomic resolution. Recently, it has been
applied extensively to metabolic proﬁling in studies of human
and animal bioﬂuids,
1,2 cellular biochemistry,
3,4 and nonmam-
malian chemical ecology.
5-8 While one-dimensional (1D)
1H
NMR spectra have been used in the majority of NMR-based
metabolic proﬁling studies, resonance overlap and lack of stru-
ctural correlations can limit the utility of the 1D approach. In
contrast, powerful multidimensional NMR methods are routi-
nely used in structural biology and natural products studies
9 but
have been used much less frequently for metabolomics. Two
dimensional (2D) homonuclear (such as total correlation spectros-
copy(TOCSY)andcorrelationspectroscopy(COSY))andhetero-
nuclear (such as heteronuclear single quantum coherence (HSQC)
and heteronuclear multiple-bond correlation (HMBC)) spectra
oﬀer increased dispersion of signals in two dimensions that can
overcome the problem of signal overlap, which often limits the
use of 1D
1H NMR spectra. Additionally, the information
provided by these 2D experiments through speciﬁc atomic
correlations can assist in the identiﬁcation and assignment of
known molecules and the structural elucidation of unknown
smallmoleculesthatmaybesigniﬁcanttotheunderlyingbiology.
The presence of novel, uncharacterized small molecules in
complex biological mixtures is a frequent occurrence, especially
innonmammalianmetabolomicswhereaprioriknowledgeofthe
metabolome is often incomplete. Even when complex biological
mixtures are composed mainly of known metabolites, the assign-
ment of a large number of spectral peaks is a signiﬁcant
complication for metabolic proﬁling. The use of 2D correlation
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spectra such as TOCSY simplify the use of semiautomated assign-
m e n tp l a t f o r m ss u c ha sM e t a b o M i n e r
10 and COLMAR.
11-13
While it is clear that metabolic proﬁling would beneﬁt from
more extensive use of 2D NMR spectra, preprocessing methods
such as signal alignment and visualization tools for multiple 2D
spectra have lagged behind similar methods for 1D spectra. The
importance of signal alignment for statistical analysis of spectral
data sets is widely appreciated by the metabolomics community
for both NMR
14,15 and mass spectrometry.
16,17 The develop-
ment of 1D alignment methods has allowed these spectra to be
analyzed with increasing accuracy and resolution. However, the
relative paucity of 2D spectral alignment
18 and analysis methods
has meant that metabolomics studies making use of 2D spectra
have reliedonlow-resolutionbinsorcrosspeakintegralstoavoid
the problem of peak shift.
19-21 While often quite successful
in mitigating the eﬀects of chemical shift variation, the use of
integrals or bins for pattern recognition causes signiﬁcant loss of
valuable information from spectral resolution, complicating
subsequent model interpretation and assignment of relevant
metabolites. Here, we present a method for hierarchical align-
ment of sets of 2D NMR spectra, thereby enabling pattern
recognition using full-resolution data; we call this overall approach
HATS-PR for hierarchical alignment of two-dimensional spectra-
patternrecognition.Wedemonstratethatstatisticalrepresentations
of full-resolution spectra such as scaled principle component
analysis (PCA) loadings enhance the interpretation of metabolic
variation in the data set and assist in the identiﬁcation and
assignment of statistically relevant metabolites.
We have applied HATS-PR to an experimental comparison of
theexudates(i.e.,exometabolomes)fromtwonematodespecies,
Pristionchus paciﬁcus and Panagrellus redivivus. Nematode chemi-
cal ecology, especially applied to the model organism Caenor-
habditis elegans, has become the subject of a number of recent
studies in development,
22-25 aggregation behavior,
26 mating
behavior,
27,28 aging,
29 chemical ecology,
7,26 and functional
genomics.
6,29,30,31 The discovery and structural elucidation of a
class of pheromones called ascarosideshas expanded the domain
of C.elegans researchwell intochemicalecology.
32 Ina combina-
tion of chemical ecology and genetics, Pungaliya et al. used
comparative 2D NMR spectral analysis to discover new ascaro-
sides and their biological roles in C. elegans.
27 By applying
standard statistical pattern recognition methods to 2D NMR
spectra, we demonstrate the utility of HATS-PR to distinguish
and characterize chemical diﬀerences between two diﬀerent
nematode species.
’EXPERIMENTAL SECTION
Collection of P. pacificus and P. redivivus Exudates. P.
pacificusandP.redivivusstrainswereobtainedfromtheSternberg
laboratory at Caltech.
P. pacificus. Ten nematode growth medium (NGM) plates
seeded with Escherichia coli (OP50 strain) were inoculated with
worms and incubated at room temperature for 3 days. Worms
were washed off the plates with 25 mL of S-complete medium
and transferred to a 250 mL Erlenmeyer flask containing 3%
(0.75 g) E. coli (HB101 strain). Worms were incubated at 22  C
for 3 days and then transferred to a 2 L Erlenmeyer flask
containing 250 mL of S-complete medium and 3% (7.5 g)
HB101. Once the majority of worms were adults with eggs,
sucroseflotationwasusedtoremovebacteriaandotherlife-stage
worms.Adultswitheggswerethenincubatedfor48hat22 Cat
250 rpm without food to allow the adult worms to lay the eggs
and the eggs to hatch. J2 P. pacificus were separated from adult
worms using a 20 μm nylon filter (Sefar Inc.) to obtain a
semisynchronous culture. Semisynchronized J2 P. pacificus
(2.5 million) were grown to adult stage on S-complete medium
supplemented with 3% HB101 and incubated in a shaker at 250
rpm and 22  C. Worms from this culture were then put onto a
sucrose gradient to remove bacteria. Clean P. pacificus were
placed in M9 buffer for 30 min to clear their gut. Worms were
washedthreetimeswithdouble-distilledwater(ddH20)andthen
incubatedfor1hinddH20withadensityof∼30000worms/mL
to collect worm exudates. Worm exudates were filtered with a
0.2μm nylon syringe filter and stored at-80 Cforfurther analysis.
P.redivivus. P.redivivuswerecultivatedsimilarlytoP.pacificus
and transferred to liquid culture. A mixed population of
P. redivivus with worm density of 10000 worms/mL was
incubated in 250 mL of S-complete medium supplemented with
3%HB101.P.redivivuswereculturedfor12days,and3%HB101
wasaddedeverythirdday.After12daysofincubation,theworms
were separated from bacteria via sucrose flotation. The
P. pacificus protocol described above was also used to collect
P. redivivus exudates.
Sample Fractionation. P. pacificus and P. redivivus exudates
were each fractionated by C18 solid phase extraction using a
Varian Mega BE C18, which has a 5 mL void volume. A 50 mL
syringe was attached to the column using a rubber adapter.
Teflon tape was placed aroundthe rubber stopper so that rubber
pieces would not contaminate the solution. Approximately
constant pressure was applied to the column by gently pressing
the syringe. Each C18 column was first washed with 50 mL of
90% methanol, followed by 50 mL of ddH20 for equilibration.
P.pacificusandP.redivivusexudateswerethenaddedtoindividual
columns, and the flow-through was collected. The columns were
washedwith25mLofddH20andthenelutedwith25mLof50%
methanoland25mLof90%methanol.Allsampleswerecollected
in glass vials with Teflon caps and stored at -80  C.
NMR Spectroscopy. The flow-through fractions were lyoph-
ilized, dissolved in 500 μL of 99.9% D2O (Cambridge Isotope
Laboratories), and put into 5 mm NMR tubes. The 50% MeOH
fractions were lyophilized, dissolved in 110 μL of 99.95%
methanol-d4 (Cambridge Isotope Laboratories), and put into
2.5 mm NMR tubes. 1D
1H and 2D TOCSY spectra were
collected on a Bruker Avance II spectrometer operating at
600.23 MHz using a 5 mm TXI cryoprobe. NMR data were
collected with spectral widths of 11 ppm at a sample temperature
ofabout300K.1D
1Hspectrawerecollectedusingasimplepulse-
acquire sequence with presaturation of residual water. TOCSY
spectra were collected with the DIPSI-2 mixing sequence
33 with
water presaturation and 60 or 90 ms mixing times for the 50%
MeOHorflow-throughfractions,respectively.TOCSYdatawere
collectedwith2048and256complexdatapointsinthedirectand
indirectdimensions,respectively.TOCSYdatawerezerofilledto
2048 F2 and 1024 F1 data points, Fourier transformed, phased,
and baseline corrected in Topspin 2.0 (Bruker) before being
transferred to Matlab 2009b for alignment and pattern recogni-
tion analysis. As an additional application to a more complex
mixture, TOCSY spectra were acquired from human urine
(details provided in Supporting Information), and data were
processed similarly to the worm exudate spectra.
HierarchicalAlignmentofTwo-DimensionalSpectra. The
HATS alignment method presented here makes use of a guide
tree to structure the alignment process. While many existing 1D1651 dx.doi.org/10.1021/ac102724x |Anal. Chem. 2011, 83, 1649–1657
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alignment methods have attempted to align each spectrum in a
data set to a single consensus spectrum, the quality of these “star
alignments”can sufferifthereiswidechemicaldiversity between
spectra, as any individual spectrum chosen as a star may not
include the full complement of metabolites present in the other
data sets. The use of guide trees was a significant advance for
multiple sequence alignment in sequence bioinformatics, and
methods such as CLUSTAL-W
34 have enjoyed widespread
popularity in nucleic acid and protein sequence alignment. We
suggestthat theuse of a guide treewillbe especiallyimportant in
the alignment of 2D spectra as correlation spectra are often
collectedwhensignificantmetabolicdiversityisexpectedandthe
assumptions underlying star alignments may not be appropriate.
The UPGMA agglomerative hierarchical clustering method
35
was used to construct the initial guide tree for the subsequent
pairwise alignment of spectral groups. We have used the squared
distance of Pearson’s correlation coeﬃcient as a metric for
clustering (eqs 1 and 2), and the resulting dendrogram speciﬁes
the order in which alignment of the spectra proceeds.
rmn ¼
P j
i¼1
ðSim - SmÞðSin - SnÞ
σsmσsn
ð1Þ
dmn ¼ 1- rmn
2 ð2Þ
Here,rmnisthecorrelationcoeﬃcientbetweenthereshapedvectors
(1   F13F2) of spectra Sm and Sn with mean values S hm and S hn and
standard deviations σsm and σsn and dmn is a distance version of the
correlationvalue.Ateachbranchpointinthedendrogram,thesetof
spectra speciﬁed by the branches are aligned. For the alignment
illustrated in Figure 1, the two red spectra are aligned ﬁrst, followed
by the two blue spectra; then, the two blue spectra are aligned with
the black spectrum, and ﬁnally, the two red spectra are aligned with
the three blue and black spectra. If there are multiple spectra in an
alignment group, positional adjustments are made equally to all
spectra in the group.
The alignment at each branch point of the guide tree consists
of two parts: a global alignment in which all spectral data points
are shifted equally and a local alignment in which speciﬁc cros-
speak regions are shifted individually. The global alignment step
seeks to correct defects such as miscalibration or referencing,
which produce chemical shift diﬀerences across the entire spec-
trum.Oneofthegroupsofspectraispassedovertheothergroup
as a mask in a point-wise manner in both F1 and F2 dimensions,
and at each positional step x and y, the alignment quality is
expressed as rxy, the mean correlation between groups (eq 3).
Here, a is the number of spectra in group 1, and b is the number
in group 2, and rmn is the correlation coeﬃcient between the
reshaped vectors of spectrum m in group 1 and spectrum n in
group2.Spectrainthemaskgroupareshiftedtothepointsmand
n producing the maximal mean correlation which is identiﬁed by
a simple gradient ascent algorithm.
rxy ¼
1
a3b
X a
m¼1
X b
n¼1
rmn ð3Þ
While global alignment can resolve factors aﬀecting all reso-
nancesequally,itisnotcapableofresolvingdiﬀerencesinspeciﬁc
resonances caused by conditions such as pH, temperature, metal
ionconcentration,andosmolality.Toresolvelocalchemicalshift
variation, crosspeak regions must be aligned individually. To
identify segments of the spectrum corresponding to crosspeak
regions, a local noise surface is calculated for each spectrum.
36
Initialspectralsegmentsareidentiﬁedasregionswithin0.04ppm
of a peak, deﬁned as a local maximum with intensity at least 10 
the noise value at that point. Each segment is then labeled with a
unique integer value, and these initial segments are expanded by
iterated minimum and maximum ﬁltering. Min/max ﬁltering has
the eﬀect of growing the segments until they encounter another
spectral segment or until they reach amaximum frequency range
of approximately 0.2 ppm (Figure 1S, Supporting Information).
This procedure creates spectral segments that are bounded by
Figure 1. Overall strategy ofhierarchical alignment oftwo-dimensional spectra (HATS). Beforealignment, the HATSalgorithm produces aguide tree
by the UPGMA agglomerative hierarchical clustering algorithm from a matrix of pairwise correlation distances. This guide tree is used to structure the
alignment process. At each intersection of branches in the guide tree, the spectra speciﬁed by the two branches are aligned globally and locally. For the
alignment tree shown here, the two red spectra are aligned ﬁrst, followed by the two blue spectra. The two blue spectra are then aligned with the black
spectrum, and ﬁnally, the three blue and black spectra are aligned with the red spectra.1652 dx.doi.org/10.1021/ac102724x |Anal. Chem. 2011, 83, 1649–1657
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nearby resonances yet avoid close cropping of crosspeak line-
shapes. Each crosspeak segment is then aligned individually by
maximizing the mean cross-correlation of crosspeak segments
between alignment groups in the same way as the global align-
ment but treating each crosspeak segment independently (eq 3,
where rxy is the line shape vector for a single crosspeak region
rather than the entire spectrum).
Full Resolution TOCSY Pattern Recognition. Following
alignment,HATS-PRmakesuseofprincipalcomponentanalysis
(PCA) and partial least squares discriminant analysis (PLS-DA)
for full resolution spectral pattern recognition. PCA is an unsuper-
vised dimensionality reduction technique that is widely used in
metabolomics. PCA transforms a data set of N observations with
P features into a set of principal components that are orthogonal
linear combinations of features accounting for as much of the
variation in the original data set as possible. Each principal
component consists of N scores and P loadings, where scores
identify relationships between observations (here, TOCSY
spectra) and loadings represent the pattern of features (here,
2D NMR chemical shifts) underlying the relationships identified
by scores. We used the NIPALS algorithm
37 to identify the first
five principal components of the mean-centered and univariate
scaled flow-though (N = 10) and 50% MeOH (N = 8) TOCSY
spectra.WhilePCAavoidstheproblemofoverfittingbytakingan
unsupervised approach to pattern recognition, it is not optimized
forclassseparation.Partialleast-squaresmethodssuchasPLS-DA
are often the supervised method of choice for the analysis
of metabolic differentials. We apply SIMPLS
38 PLS-DA to the
data set to help clarify the metabolic differential identified by
PCA while avoiding overfitting by the use of 4-fold cross-
validationandreportingperformancestatisticsforthePLS-DAmodel.
Pattern recognition of NMR spectra was done in Matlab
2009b following Probabilistic Quotient Normalization
39 to ac-
countforrandomdilution eﬀectsandalignmentusingtheHATS
method for the TOCSY spectra and the RSPA
15 algorithm for
the 1D
1H spectra. Each of the N 2048   1024 TOCSY data
matrices was reshaped to a 1   2097152 vector before the
application of PCA or PLS. This is a necessary step because it
creates an N   P matrix, where P =F 13F2 data points on which
pattern recognition algorithms can operate. To visualize the
resulting 1   P loadings, the loadings vectors for each principal
component were reshaped back into a 2048   1024 data matrix.
Contours were deﬁned by multiplying the univariate scaled
loadings by the standard deviation along the third dimension
of theoriginalTOCSYstack, aprocedureknownasback-scaling.
Contour colors were then deﬁned by the loading values them-
selves divided by the maximum loading coeﬃcient to produce a
range of-1toþ1.Thisstrategyproducesloading spectra which
have crosspeak lineshapes similar to traditional TOCSY spectra
butincludesignandintensityinformationrelatedtotherelation-
ships between spectra speciﬁed by the corresponding PCA
scores. PLS-DA results are presented in a similar manner, but
instead of specifying scores and loadings, only the predictive
feature vector is shown, along with performance statistics for the
model. This 2D NMR unfolding and refolding approach has
recentlybeenappliedsuccessfullytoHSQCspectraandprovides
a simple methodology to apply statistical pattern recognition
approaches to 2D NMR spectra.
40,41
Semi-Automated Assignment of TOCSY Loadings. To
assign the compounds represented in our back-scaled TOCSY
loadingsplots,weappliedCOLMARquery
11tocorrelatedchemical
shifts present in the loadings spectra. When COLMAR query
identified a match to a compound reference spectrum present in
the BMRB,
42,43 HMDB,
44 or MMCD
45 databases, the reference
TOCSY spectrum for the suggested compound was downloaded
from the database web servers, processed in Topspin 2.0, and
overlaid onto an experimental spectrum for confirmation. We
c o n s i d e r e dt h ec o m p o u n dt ob ea s s i gned if all reference chemical
shifts and experimental chemical shifts differ by less than 0.02 ppm
and all through-bond correlations (TOCSY crosspeaks) in the
Figure2. AlignmentresultsforP.redivivus(Pre)andP.paciﬁcus(Ppa)TOCSYspectraofﬂow-throughfractionsfromC18solidphaseextractions.(A)
TheguidetreeproducedbyHATSgroupsspectrafromthesamespecies,resultinginintraspeciesalignmentbeforeinterspeciesalignment.Theutilityof
a guide tree-based alignment is exempliﬁed by the anomeric crosspeaks of glucose, sucrose, and trehalose in the TOCSY spectra (B, C). By aligning
spectra with similar composition ﬁrst, false positive alignments of nearby but unrelated crosspeaks, such as the anomeric crosspeaks shown above, are
avoided.1653 dx.doi.org/10.1021/ac102724x |Anal. Chem. 2011, 83, 1649–1657
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experimental spin-system were accounted for by the reference
spectrum. It should be emphasized that for this study we did not
verify assignments by spiking natural samples with authentic
commercial or synthetic standards, a common practice for final
verification of compound identity by NMR.
’RESULTS
Previous work from our group and others has shown that
C. elegans releases a large number of ascarosides that have been
shown tohave multiplefunctions.
22-25,27,28,32Theseascarosides
typically partition into the 50% MeOH fraction of a C18 solid
phase extraction. We have also shown that C. elegans releases an
abundance of small polar molecules including amino acids, sugars,
andorganicacids,manyofwhichelutefromaC18columninthe
hydrophilic ﬂow-through fraction.
7 Here, we analyzed 2D
TOCSY NMR data of the ﬂow-through and 50% MeOH C18
elution fractions from P. redivivus and P. paciﬁcus exudates in
ordertodemonstrateournewmethodsandtoshowtheutilityof
this approach in metabolomics and natural product comparative
studies. In order to demonstrate the general applicability of our
approach,wehavealsoappliedittothealignmentof2DTOCSY
spectra from human urine (Figure 1S, Supporting Information).
Alignment of TOCSY Spectra. Despite the high reproduci-
bility of NMR spectra, resonance variation, sometimes referred
to as positional noise, resulting from slight differences in sample
conditions hinder comparative studies and complicate the inter-
pretation of statistical analyses such as univariate regression and
significance testing, principal component analysis (PCA), and
partial least-squares (PLS). Previous research with 1D
1H NMR
spectrahasshownthatpeakshiftcanresultinbothfalsepositives
and negatives when attempting to identify metabolite biomark-
ers.
46 While binning is often used to reduce positional variation,
loss of high-resolution information complicates metabolite
assignment and limits the added value of 2D experiments. The
HATS alignment methodology presented here compensates for
theeffectsofresonancevariation,therebyincreasingtheaccuracy
and interpretability of comparative 2D NMR analyses.
The HATS-PR approach to eliminating positional variation is
to ﬁrst cluster all of the spectra through a guide tree, as shown in
Figure 2A. The problem of positional variation in our nematode
TOCSY spectra is easily seen in the expansion of the anomeric
region of the sugars from the ﬂow-through fractions (Figure 2B,
C). In the unaligned data (Figure 2B), local diﬀerences in
resonance frequency of the anomeric protons aﬀect multiple
spectra ofboth P.redivivusand P.paciﬁcus samples andresultina
general “blurriness” that signiﬁcantly impacts subsequent statis-
ticalanalyses.Removingthisvariationisclearlydesirable,butthe
closeproximity(∼0.03ppm)andsimilarpatternsandlineshapes
of the P. paciﬁcus glucose and P. redivivus trehalose crosspeaks
raise the possibility of inappropriate alignment of the glucose to
the trehalose crosspeaks. The use of the HATS-PR guide tree
(Figure 2A) helps avoid this possibility by aligning the most
similar before the less similar spectra. Using this approach, the
glucose and trehalose resonances are not compared for align-
ment until they have been well aligned separately. As shown in
Figure 2C, this results in the correction of positional variation
withinbothglucoseandtrehalosecrosspeaksandrejectionofthe
inappropriate alignment of the two sugars.
P. redivivus and P. pacificus Release Different Polar
Molecules. Next, using the aligned TOCSY spectra (Figure 3A)
of C18 flow-through fractions, we conducted PCA and PLS
analysis. The PCA scores show clear, unambiguous separation of
the P. redivivus spectra from the P. pacificus spectra in the first
principal component (Figure 3B). This separation allows the PC1
loadings to be interpreted as a pattern of TOCSY crosspeaks
differentiating the two species (Figure 4). The back-scaling proce-
dure outlined above produces contours reflecting the crosspeak
lineshapes in the original spectra but colored according to the
loading coefficients. As the P. redivivus and P. pacificus PC1 scores
have opposite signs, we represent features with greater intensity in
the P. redivivus spectra in red (loadings between 0 and 1) and with
greater P. pacificus intensity in blue (loadings between -1 and 0).
The PLS predictors also agree with the PC1 loadings (Figure 2S,
Supporting Information). The assignment of the crosspeaks in the
PC1 loadings spectrum enables the identification of compounds
unique to each species as well as quantitative differences between
compound levels.
To interpret this spectral information in a chemical context, it
isnecessarytoassignNMRresonancestotheirmolecules(Table
1S, Supporting Information). While assignment has traditionally
Figure 3. (A) Overlay of P. redivivus (Pre) and P. paciﬁcus (Ppa) ﬂow-
through TOCSY spectra and (B) scores plot from PCA of the ﬂow-
through TOCSY data set. P. redivivus and P. paciﬁcus spectra are clearly
diﬀerentiated by PC1, which allows the loadings of PC1 to be inter-
preted as relative quantitative spectral diﬀerences between the species.1654 dx.doi.org/10.1021/ac102724x |Anal. Chem. 2011, 83, 1649–1657
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been one of the more diﬃcult steps in metabolomic analysis due
to the large chemical complexity in most crude biological
matrices, the establishment of reference spectra databases for
common metabolites such as the BMRB,
41-43 HMDB,
44 and
MMCD
45 has facilitated the development of database searching
algorithms to match sets of correlated chemical shifts to a
compound ID. For example, PRIMe SpinAssign,
47,48
NMRshifDB,
49 MetaboMiner,
10 and COLMAR
12 are freely
available web utilities that oﬀer automated database matching
capabilities to aid the assignment process. The assignments
showninFigure4weregeneratedbyacombinationofCOLMAR
query
11 to identify possible matches and manual overlay of
reference spectra from the BMRB to conﬁrm identiﬁcations, as
describedintheExperimentalSection.Whilecorrelatedchemical
shifts were identiﬁed manually for input into COLMAR query,
the back-scaled loadings matrix produced by HATS-PR should
be compatible with spectral decomposition methods such as
DemixC
13 and local peak clustering.
50
P. redivivus and P. pacificus Appear to Produce Different
Ascarosides. C. elegans releases at least 10 different ascarosides
importantinthenematode’schemicalecology,
32andmethodsto
efficiently compare other species for ascaroside-like compounds
would be useful. The most diagnostic NMR signatures for
ascarosides aretypicallyresonancepeaksfromanomeric,methyl,
and methylene protons (Figure 5) present in the eluate of C18
SPE chromatography matrix with 50% MeOH C18. As with
the flow-through fraction, PC1 separates the P. redivivus and
P. pacificus 50% MeOH fraction spectra (Figure 3S, Supporting
Information). The PC1 loadings from the 50% MeOH fractions
show numerous crosspeaks in the ascaroside signature region.
These peaks are difficult to resolve using 1D
1H NMR, and
loadings from pattern recognition on the 1D spectra are difficult
to interpret (Figure 4S, Supporting Information). Interestingly,
both P. redivivus and P. pacificus show signals representing
ascaroside-like compounds; however, differences in chemical
shift and signal intensity suggest different sets of ascarosides
produced by these species. We tried database matching the 50%
MeOH, as we did with the flow-through fractions, but we were
unsuccessful in finding any matches. Identification of these
compounds is in progress using traditional approaches and will
be reported elsewhere.
’DISCUSSION AND CONCLUSIONS
We have presented an eﬃcient method to align, statistically
analyze, and identify compounds in 2D NMR spectra. Although we
demonstrated the approach with TOCSY spectra, all of the algo-
rithms used for alignment, PCA, and PLS-DA are general and
should work without modiﬁcation for other types of 2D NMR data
sets. In addition to problems with alignment, which we have
addressed in this study, the increased acquisition time per sample
relativeto1Dexperimentsremainsabarriertoadoptionof2DNMR
methods in metabolic proﬁling. However, many groups are
developing rapid methods for 2D data acquisition
51-53 and
designing more sensitive probes,
54-56 making 2D NMR analysis
of relatively large numbers of samples increasingly feasible.
The additional structural information provided by 2D NMR
methods is often helpful for structural characterization of known
metabolites and is necessary for assignment of unknown or
novel compounds. Our use of COLMAR query for assignment
of compounds present in multiple TOCSY spectra constitutes a
Figure 4. Spectral back-projection of PC1 loadings. Here, contours are deﬁned by the back-projected intensities, while colors are deﬁned by the unit
variance-scaled loadingcoeﬃcients.Crosspeakswithpositiveloadingcoeﬃcients(red)representcompoundsoverexpressedbyP.redivivusrelativetoP.
paciﬁcus.BluecrosspeaksrepresentnegativeloadingcoeﬃcientsindicatingP.paciﬁcusoverexpressedcompounds.Assignmentofcrosspeaksintheback-
projected loadings places the chemical information contained in the TOCSY spectra in an immediate biological context. Abbreviations: AIB,
3-aminoisobutyrate;Ala,alanine;Asn,asparagine;Asp,aspartate;Glu,glutamate;NC-Glu,N-carbamylglutamate;PreUnk1,P.redivivusunknown1;Pre
Unk2, P. redivivus unknown 2; Pro, L-proline; Thr, threonine.1655 dx.doi.org/10.1021/ac102724x |Anal. Chem. 2011, 83, 1649–1657
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proof-of-principle demonstration of how metabolomic analysis can
be streamlined by integrating multi-2D statistical pattern recogni-
tion with informatics tools for compound assignment. While not
applied in this study, we suggest that the application of automated
spectral deconvolution methods, which isolate signals arising from
single molecules, such as local clustering
50 and DemixC,
13 to back-
scaled 2D NMR loadings matrices will result in further streamlining
of metabolomic data analysis. While automated assignment is
currently restricted to compounds for which reference data is
present in spectral databases, progress is being made on methods
to identify probable chemical structures directly from chemical shift
calculations.
57 The polar metabolites present in the ﬂow-through
fraction of the nematode exudate C18 SPE extractions were
particularlywellsuitedforsemiautomatedassignmentbyCOLMAR
query as the reference databases contain large numbers of sugars,
amino acids, small organic acids, and other common biological
metabolites that tend to partition in the aqueous phase.
It is common practice with 2D NMR to overlay spectra with
diﬀerent colors, as shown for example in Figure 3A. There are
several advantages that HATS-PR has oversimple spectral over-
lay. First, with spectral overlay, it is very diﬃcult or impossible to
seequantitativechangesinaparticularcompound.UsingHATS-
PR, quantitative information is clearly represented by changes in
the color of the crosspeaks in the loadings plots. Second, using
overlays is not particularly amenable to evaluating statistical
replicates and comparing multiple conditions. However, with
HATS-PR, like any PCA or PLS analysis, statistical replicates
enhance the analysis and are easily visualized through the
correspondingscoresplotsandregressionstatistics.Additionally,
quantitative covariance between 2D NMR crosspeaks may
provide a means by which to identify connectivity in metabolites
with multiple spin systems.
Inprinciple,itispossibletodoPCAanalysison2DNMRdata
withoutalignment.However, alignmentofthespectraaidsinthe
interpretation of individual compounds byimproving thequality
of the pattern recognition analysis. Pattern recognition on
unaligned 1D spectra often results in line shapes resembling ﬁrst
derivatives rather than Lorentzian line shapes.
15 In 2D NMR
spectra, misalignment often results in the duplication of peaks
(Figure 5S, Supporting Information) in the back-scaled loadings
or attenuation of loading coeﬃcients (Figure 6S, Supporting
Information) due to peak position diﬀerences and can result in
compound misidentiﬁcation. Despite making small changes in
the chemical shifts of the crosspeaks, alignment of crosspeak
lineshapes to their maximum correlation results in more inter-
pretable loadings for both the ﬂow-though and 50% MeOH
fraction, as shown by supplemental Figures S4 and S5, Support-
ing Information. HATS-PR represents, to our knowledge, the
ﬁrst usage of a guide tree in a spectral alignment method, which
removes the requirement that all compounds be present in a
Figure 5. Representative spectra and PC1 loadings for P. redivivus and P. paciﬁcus 50% MeOH fractions. The region selected is useful for ascaroside
diﬀerentiation, ascrosspeaks hereindicatecorrelations from themethylene protons onthe ascarosidesidechainto protons nearthe terminal functional
groups. PC1 loadings suggest that P. redivivus and P. paciﬁcus produce diﬀerent mixtures of ascaroside-like compounds.1656 dx.doi.org/10.1021/ac102724x |Anal. Chem. 2011, 83, 1649–1657
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single spectrum selected as the alignment reference. We believe
guide trees will also be generally useful for peak alignment in 1D
1H NMR, chromatographic proﬁles, and LC-MS spectra as well.
HATS-PR is a relatively simple way to chemically discrimi-
nate two (or more) biological states, such as treated vs
untreated, diseased vs normal, one species vs another, etc.
Using existing database search algorithms and rapidly growing
NMR metabolomic databases, it is straightforward using
HATS-PR not only to compare biological states but also to
identify and assign the relevant compounds that diﬀerentiate
these states. In this study, we compared exudates of two
nematode species. The samples were prepared under identical
conditions, yet revealed surprisingly large diﬀerences, particu-
larly in the polar ﬂow-through fractions. In previous work, we
foundthatC.elegansproducesatleast40common,mostlypolar
metabolites,
7 and we expected to ﬁnd a similar group of
compounds in P. redivivus and P. paciﬁcus. HATS-PR very
eﬃciently showed us that the two species produce signiﬁcantly
diﬀerent sets of polar small molecules, including sugars.
P. redivivus in general releases a less diverse set of polar
molecules but produces large amounts of the disaccharide
trehalose and their exudates also contain a large quantity of
sucrose,yetnoglucosewasobserved.WhileP.paciﬁcusreleases
averydiversesetofpolarsmallmoleculesincludingglucose,the
two disaccharides sucrose and trehalose were not detected. All
of the nematodes for this study were separated from their
bacterial food using a sucrose gradient, so it is possible that
someorallofthesucrosedetectedinP.redivivusoriginatesfrom
the sample preparation. However, we ﬁnd a comparable
amount of trehalose in the same samples, and more impor-
tantly, we ﬁnd no sucrose in P. paciﬁcus, which were prepared
with an identical sucrose gradient.
Despite the fact that spectra collected on the ﬂow-through
fractions of P. redivivus were much simpler than those from
P. paciﬁcus, the TOCSY spectra of 50% MeOH fractions from
the same worm preparations exhibited similar levels of com-
plexity but also some clear diﬀerences. Although, on the basis
of the data presented here, we are unable to determine
unambiguously whether these fractions contain ascarosides,
the spectral signatures of the 50% MeOH fractions for both
species suggest the presence of complex ascaroside mixtures,
similar to those found in C. elegans. The identiﬁcation and
assignment of these compounds requires additional work and
additional NMR spectroscopic and mass spectrometric analyses
and is beyond the scope of this study. However, it is clear that
HATS-PRisapowerfulmethodtocomparesmallmoleculesfrom
oneorganismtoanotherandas suchprovides a signiﬁcantbridge
between metabolomics and natural products analysis. As our use
ofHATS-PRforalignmentofasetofurinespectrademonstrates,
the method is broadly applicable and can successfully align arrays
of 2D spectra even in situations where sample variation leads to
signiﬁcant chemical shift diﬀerences between spectra. We expect
that this work will contribute signiﬁcantly to informatics ap-
proaches to metabolic proﬁling as well as to biological and
structural characterization of metabolic phenotypes in both
mammalian and nonmammalian models.
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